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Abstract
Lateral gene transfer (LGT) is an important mechanism of natural variation among prokaryotes. Over the full course of
evolution, most or all of the genes resident in a given prokaryotic genome have been affected by LGT, yet the frequency
of LGT can vary greatly across genes and across prokaryotic groups. The proteobacteria are among the most diverse of
prokaryotic taxa. The prevalence of LGT in their genome evolution calls for the application of network-based methods
instead of tree-based methods to investigate the relationships among these species. Here, we report networks that capture
both vertical and horizontal components of evolutionary history among 1,207,272 proteins distributed across 329 sequenced
proteobacterial genomes. The network of shared proteins reveals modularity structure that does not correspond to current
classiﬁcation schemes. On the basis of shared protein-coding genes, the ﬁve classes of proteobacteria fall into two main
modules, one including the alpha-, delta-, and epsilonproteobacteria and the other including beta- and gammaproteobac-
teria. The ﬁrst module is stable over different protein identity thresholds. The second shows more plasticity with regard to the
sequence conservation of proteins sampled, with the gammaproteobacteria showing the most chameleon-like evolutionary
characteristics within the present sample. Using a minimal lateral network approach, we compared LGT rates at different
phylogenetic depths. In general, gene evolution by LGT within proteobacteria is very common. At least one LGT event was
inferred to have occurred in at least 75% of the protein families. The average LGT rate at the species and class depth is about
one LGT event per protein family, the rate doubling at the phylum level to an average of two LGT events per protein family.
Hence, our results indicate that the rate of gene acquisition per protein family is similar at the level of species (by
recombination) and at the level of classes (by LGT). The frequency of LGT per genome strongly depends on the species
lifestyle, with endosymbionts showing far lower LGT frequencies than free-living species. Moreover, the nature of the
transferred genes suggests that gene transfer in proteobacteria is frequently mediated by conjugation.
Key words: horizontal gene transfer, microbial evolution, symbionts.
Introduction
Lateral gene transfer (LGT or horizontal gene transfer) is
the process by which prokaryotes acquire DNA and incor-
porate it into their genome. Mechanisms for LGT entail
transformation, transduction, conjugation, and gene trans-
fer agents (Thomas and Nielsen 2005; Lang and Beatty
2007). LGT has a major role in shaping the distribution
of genes across genomes during prokaryote evolution
(Doolittle and Bapteste 2007) with only few genes that
are resistant to it in the laboratory (McInerney and Pisani
2007;Soreketal.2007)andprobablynonethatareresistant
to it over the full course of evolutionary time (Bapteste
et al. 2009). The fate of the DNA acquired by the different
transfer mechanisms can vary in the laboratory. For exam-
ple, DNA transferred by conjugation in Escherichia coli is
recombined into the genome and can survive there for
a few generations or longer (Babic et al. 2008), whereas
DNA transferred by phage during transduction may be sta-
bly integrated into the genome or degraded by bacterial
antiviral defense mechanisms, CRISPRs (Marrafﬁni and
Sontheimer 2008; Horvath and Barrangou 2010).
PhylogeneticinferenceofLGTfrequencyduringprokary-
ote evolution—that is, estimating LGT by looking for dis-
cordant branching patterns in trees—provides a wide
range of estimates that anywhere from about 20% of all
genes are affected by LGT (Snel et al. 2002; Beiko et al.
2005), to perhaps 40% (Kunin et al. 2005) or up to 90%
or more of all genes have been affected at some point
in their past (Mirkin et al. 2003). This large range of esti-
mates stems to no small extent from inherent difﬁculties of
sequence alignment and phylogenetic inference using
highly divergent and/or poorly conserved sequences
(Roettger et al. 2009), which comprise the vast majority
of data from sequenced genomes. Estimates of the propor-
tion of recently acquired genes per genome using nucleo-
tide patterns or codon bias deliver similar results, showing
that onaverage about14% ofthegenes ineach genomeare
recently acquired by lateral transfer (Ochman et al. 2000;
Nakamura et al. 2004). Once adapted within the genome,
© The Author(s) 2010. Published by Oxford University Press on behalf of the Society for Molecular Biology and Evolution.
This is an Open Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License
(http://creativecommons.org/licenses/by-nc/2.5), which permits unrestricted non-commercial use, distribution, and
reproduction in any medium, provided the original work is properly cited. Open Access
Mol. Biol. Evol. 28(2):1057–1074. 2011 doi:10.1093/molbev/msq297 Advance Access publication November 8, 2010 1057
R
e
s
e
a
r
c
h
a
r
t
i
c
l
eacquired functional genes can then be inherited vertically
from generation to generation (Babic et al. 2008) or do-
nated once again at a later time. The modest quantity
of 14% recent acquisitions at a given point in time thus
accumulates over geological timescales, such that mini-
mumestimatesbasedonnetworkapproachesindicatethat
on average 81 ± 15% of the genes in each prokaryotic
genome have been affected by LGT at some stage during
evolution (Dagan et al. 2008).
Prokaryotic genome content and size reﬂect prokaryotic
lifestyle (Moran and Wernegreen 2000; Podar et al. 2008),
and the frequency of acquired genes is positively correlated
with genome size (Nakamura et al. 2004; Cordero and
Hogeweg 2009). Yet differences between different bacterial
taxonomic groups hint that this is not the only factor af-
fecting the amount of acquired genes within a genome. Re-
cent LGT within the genome of E. coli, having about 4,500
open reading frames (ORFs), was estimated by aberrant co-
don usage to affect 18% of the gene families (Lawrence and
Ochman 1998). In cyanobacteria, having an average of
2,500 ORFs, about 50% of the protein families were inferred
to evolve by LGT (Zhaxybayeva et al. 2006; Shi and Falkow-
ski 2008), the high frequency of LGT in cyanobacteria pos-
sibly relates to their speciﬁc ecological niche and the need
to adapt quickly to a dynamic environment (Dufresne et al.
2008; Shi and Falkowski 2008).
Proteobacteria comprise the largest phylum-level group
ofprokaryotes, including56,948currently identiﬁed species
(44% of all eubacterial species according to NCBI Taxon-
omy in August 2009). The phylum was named after the
Greek god Proteus, who can assume many different shapes,
to reﬂect the enormous biochemical and phenotypic diver-
sity within this group (Stackebrandt et al. 1988). The ma-
jority of known proteobacteria are mesophilic, with some
exception of thermophilic species (e.g., Thimonas thermo-
sulfata) and psychrophilic (e.g., Polaromonas hydrogenivor-
ans). Most of the known proteobacteria are free living, and
some can dominate in certain marine environments, such
as members of the Roseobacter clade (Brinkhoff et al.
2008). Some are found in symbiotic association, either
mutualistic like the Bradyrhizobiumjaponicum(a symbiont
of rice) or aggressive parasites, such as the Rickettsiae.
Others are predatory proteobacteria that feed upon other
prokaryotes (Davidov and Jurkevitch 2009). Energy metab-
olism in proteobacteria is extremely diverse, including
chemoorganotrophs (e.g., E. coli), chemolithotrophs (e.g.,
the sulfur-oxidizing bacteria Thiobacillus aquaesulis and
the ammonia-oxidizing bacteria Nitrosomonas europaea),
or phototrophs (e.g., Rhodospirillum rubrum)( Kersters
et al. 2006). Based on phylogenetic reconstruction of 23S
ribosomalRNA(rRNA)andothergeneticmarkers,thephy-
lum was originally divided into four classes: alpha-, beta-,
gamma-, and deltaproteobacteria (Stackebrandt et al.
1988), the epsilonproteobacteria (Campylobacterales in
some schemes) being a later addition (Gupta 2006). Re-
ﬂecting their diversity, proteobacteria currently comprise
almost half (826 of 1,749 as of January 2010) of all com-
pletely sequenced genomes (Markowitz et al. 2010).
Acquisition of new and adaptatively suitable genes
from distantly related species by LGT is an evolutionarily
quick alternative to modifying preexisting genes via point
mutations. For example, the genome of the eubacterium
Salinibacter ruber that resides in the extremely halophilic
habitat of saltern crystallizer ponds, harbors many genes
shared with haloarchaeal species, probably as a result of
niche-speciﬁc acquisitions (Mongodin et al. 2005). Shared
gene content following LGT is found also between species
having similar symbiotic relation with similar host, as in the
case of the genus Bradyrizobium (alphaproteobacteria) and
Ralstonia solanacearum (betaproteobacteria), both of
which are soil bacteria undergoing symbiosis, either mutu-
alistic or parasitic, with plants (Kunin et al. 2005).
Networks of shared genes are a useful tool to recover
common gene content across many bacterial genomes
(Beiko et al. 2005; Kunin et al. 2005; Fukami-Kobayashi
et al. 2007; Dagan et al. 2008; Halary et al. 2010). Among
the proteobacteria, phylogeny for speciﬁc groups has been
examined using tree-based methods, for example, in the
gamma- (Lerat et al. 2005), the epsilon- (Gupta 2006),
and the alphaproteobacteria (Wu et al. 2004; Ettema
and Andersson 2009). However, phylogenies only depict
the evolutionary history of one or few genes within a ge-
nome, not for the whole genome. Network approaches to
study genome evolution within the proteobacteria, where
genomesizescanrangefromunder160kb(Nakabachietal.
2006) to over 9 Mb (Kaneko et al. 2002), have not been
reported to date. Here, we investigate genome evolution
within proteobacteria using a network approach.
Materials and Methods
Data
Sequenced genomes of 329 proteobacteria and their taxo-
nomical classiﬁcation were downloaded from NCBI web
site (http://www.ncbi.nlm.nih.gov/; version of April
2008). All proteins were clustered by identity into gene
families using the reciprocal best Blast hit (BBH) approach
(Tatusov et al. 2000). Each protein was Blasted against each
of the genomes. Pairs of proteins that resulted as reciprocal
BBHs of E-value , 110
10 were aligned using ClustalW
(Thompson et al. 1994). Pairwise protein sequence identity
was calculated by the number of identical amino acids di-
vided by alignment length. Protein pairs with above the
aminoacid identity threshold(T30–T70) wereclustered into
protein families of 2 members using the MCL algorithm
settingtheinﬂationparameter,I,to2.0(Enrightetal.2002).
Previous work has shown that I values between 1.8 and
2.2 has little inﬂuence on the distribution of gene family
size in this kind of analysis (Dagan et al. 2008). Protein
families for genomes in speciﬁc class or species were ex-
tracted from the protein families of the total data set.
Reconstruction of Gene Trees
For the reconstruction of RPL31 and asparaginyl-tRNA syn-
thetasephylogenies,proteinsequencesincludedinthepro-
tein family at the chosen threshold were aligned using
Kloesges et al. · doi:10.1093/molbev/msq297 MBE
1058ClustalW (Thompson et al. 1994). A maximum likelihood
tree was reconstructed from the alignment using PHYML
(Guindon and Gascuel 2003) with the default JTT substi-
tution matrix (Jones et al. 1992).
Network of Shared Protein Families
Networks of shared proteins (NSPs) of all proteobacteria
were reconstructed from protein families clustered at
a given protein sequence identity threshold. The number
of shared proteins between each genome pair was calcu-
lated as the number of protein families in which both ge-
nomes are present. A division of the network into modules
was found by deﬁning a modularity function of each bipar-
tition of the network as the number of edges within a com-
munity minus the expected number of edges in the
community. An optimal division is then found by maximiz-
ingthisfunctionoverallpossibledivisions,usingeigenspec-
trum analysis (Newman 2006; Dagan et al. 2008).
Reconstruction of a Reference Tree
A reference tree was constructed using rRNA operon (16S,
23S, and 5S) sequences within a taxonomically constrained
framework invoking forced monophyly of classes (Dagan
et al. 2008). Only one rRNA operon sequence per species
was used. Bacterial genomes may contain several copies of
theribosomaloperon.However,theintragenomicvariation
is commonly smaller than the intergenomic variation (Pei
et al. 2010), hence the use of a single sequence per genome
generates a reference gene tree for these taxa. The sequen-
ces of the three genes were ﬁrst aligned using ClustalW
(Thompson et al. 1994) for each of the main classes.
The alignments of the three genes were concatenated,
gappedsiteswereremoved,andamaximumlikelihoodtree
of each group was inferred using PHYML (Guindon and
Gascuel 2003) with the default HKY substitution matrix
(Hasegawa et al. 1985). From each group alignment, a con-
sensus sequence was reconstructed by concatenating the
most abundant nucleotide in each alignment column into
a single sequence. The consensus sequences were used to
inferthetreeofgroups withPHYML(Guindonand Gascuel
2003) and to root each neighboring group subtree. Leaves
in the tree of groups were replaced with each rooted group
subtree.
For the gene content reference tree, protein families at
T30 cutoff were converted into a binary presence/absence
pattern (PAP). The total PAP matrix for m protein fam-
ilies and n genomes is deﬁned as aij, where i 5 1, ..., m,
and j 5 1, ..., n. If protein family i is present in genome j,
then aij 5 1, otherwise aij 5 0. The PAP matrix was con-
verted into PHYLIP format using an in-house PERL script.
The reconstruction of a gene content tree was performed
using Wagner parsimony (Felsenstein 1983) as imple-
mented in the MIX program of the PHYLIP package
(Felsenstein 2004).
Reconstruction of a Minimal Lateral Network
Presence and absence of protein families were superim-
posed on the reference tree and LGTs inferred to yield gene
origin for all protein families at internal nodes according to
the different LGT allowance models as described by Dagan
and Martin (2007). Brieﬂy, this approach seeks the lower
bound of LGT frequency during evolution of the genomes
in question using the distribution of ancestral genome sizes
as a constraint and optimization criterion. Different evolu-
tionary models allowing incrementally increased LGT fre-
quency across the reference tree each specify a different
number of LGTs per protein family as required to account
for thepresence/absence pattern for each gene(Daganand
Martin 2007). Gene loss events are unpenalized. Using a re-
cursive binary procedure, the evolutionary reconstruction
allows for variable number of gene origins per protein fam-
ily up to the maximum allowed by the given model (e.g., no
LGT, one LGT, three LGTs etc.). Under a model allowing no
LGT, all gene presence/absence patterns are attributed to
loss only, with the result that all genes in the sample are
scored as present in the genome ancestral to the species
studied. The distribution of ancestral genome sizes at each
node is scored for each model. Incrementally adding LGT
reduces ancestral genome sizes, whereas models allowing
excessive amounts of LGT during evolution make ancestral
genomes too small. The preferred model (allowed max
number of LGT events per gene) is determined as the
one that brings the genome size distribution of ancestral
genomes into best statistical agreement with that of con-
temporary species (Dagan and Martin 2007). All gene ori-
gins within each protein family are connected to form
a clique; hence, the number of edges reconstructed for
a protein family of k gene origins is k (k  1)/2. Edges con-
necting the same two nodes for different protein families
are joined to form a single edge that is weighted according
to the number of protein families in which it appeared. The
same procedure was repeated for each phylogenetic depth
using a subtree of the class/species extracted from the
rooted reference tree.
The minimal number of LGT events that is required to
explain the gene origin distribution of a certain protein
family of k gene origin is k  1. However, in the minimal
lateral network (MLN) approach, we have no concrete in-
formation regarding donors and recipients in the LGT
event so that lateral edges are reconstructed to connect
among all gene origins reconstructed per protein family.
Thus, MLN data sets reconstructed from LGT allowance
models that exceed a single LGT event per protein family
(LGT1 model) contain more edges (or heavier edges) than
the minimal frequency of LGT events required to explain
gene distribution patterns in the data set. For example,
a protein family for which two origins were inferred will
include one lateral edge which corresponds to a single
LGT event required in order to explain the distribution
of the protein family. But a protein family for which three
origins were inferred will include three lateral edges con-
necting all origins, whereas the minimum number of
LGT required in this case is only two. To study the prop-
erties of LGT network, for each such data set, 1,000 MLN
replicates (rMLN) were reconstructed where the sum of
edge weight corresponds the number of gene transfers.
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each protein family of more than three origins, and all
edges of all protein families were summarized into a single
rMLN.
Identiﬁcation of Recently Acquired Genes by
Aberrant Nucleotide Pattern
Recently acquired genes are expected to have unusual co-
don usageand GC content when compared withthe whole
proteome. Therefore, GC content may be used to detect
the foreign origin of a gene (Garcia-Vallve et al. 2000;
Nakamura et al. 2004). The statistical analysis of GC con-
tent is favored over codon usage because it has better sta-
tisticalpower.GeneswithatypicalGCcontentaredetected
by comparing their GC content with the genomic GC using
the v
2 test with a false discovery rate of 5% (Benjamini and
Hochberg 1995).
Results and Discussion
Clustering of the 1,207,272 proteins within the 329 proteo-
bacterial genomes using amino acid identity threshold of
30% (T30) resulted in 74,667 protein families of size 2 pro-
teins. Only 14 of these families are universally present in all
proteobacteria. These include mostly ribosomal proteins
together with proteins involved in information processes,
suchaschaperoninGroEL(supplementarytableS1,Supple-
mentary Material online). A recent investigation into the
quality of genome annotation in NCBI data set revealed
frequentmisannotationofcoregenesingammaproteobac-
teria (Poptsova and Gogarten 2010), hence the number of
universal genes reported here using the standard annota-
tion might be underestimated. Using the T30 threshold re-
sultsalsoin140,333(12%ofthetotal)unclusteredproteins.
Singleton proteins—frequently named also ORFans (Fischer
and Eisenberg 1999)—are genes for which no reciprocal
BBHabove T30was foundwithin thecurrent genomessam-
ple. These may be either novel genes that are speciﬁc to
the genome or genes that are shared with genomes not
present in our sample. To test the latter possibility, we ﬁrst
searched for homologs to these singletons within 97 pro-
teobacterial genomes that were added to the NCBI data-
base between April 2008 (our version) and January 2009,
increasing by 30% the proteobacterial genome sample size.
Of the 140,333 singletons, 10,880 (8%) proteins had recip-
rocal BBH within the larger sample at T30. This averages
to a removal of 112 singletons with each additional proteo-
bacterial genome that is sampled. The remaining 129,453
singletons were then searched for homologs within 335
nonproteobacterial prokaryote genomes in NCBI genomic
database (April 2008 version). For 18,692 proteins, we
found nonproteobacterial reciprocal BBH at T30. Hence,
on average, each nonproteobacterial genome includes
55 homologs to proteobacterial singletons at that protein
sequence identity threshold. The remainder of 110,491
(9%) singletons remains as such.
The search for homologs to the singletons in our sample
supplies two observations. First, increasing the sample of
searched genomes by 230% (761 genomes in total) reduced
the percent of singletons by only a very modest proportion
(from 12% to 9% of the proteobacterial gene repertoire).
Second, the ratio of singletons found in newly sequenced
proteobacterial genomes and nonproteobacterial genomes
is roughly 2:1.
The Distribution of Shared Proteins among
Proteobacteria
Sharedgenecontentamongprokaryotesmaybetheresultof
eithercommonancestryorLGT.Notwithstandingvariousfac-
tors affecting protein evolutionary rates (Graur and Li 2000),
protein sequence identity among orthologs within protein
families that evolve by vertical inheritance alone is expected
to be roughly proportional to the divergence time of the
compared species (Novichkov et al. 2004; Dagan et al.
2010). Protein-coding genes acquired by LGT are expected
tohavehighersequenceidentityamongdonorandacceptor
groups than the expected for an average gene reﬂecting the
reference sequence tree, assuming that the transfer event
occurredafterthedivergenceofthereferenceoperonsequen-
ces. If all proteins were evolving by vertical inheritance
alone(i.e.,iftheywereallstrictlycoevolving,physicallylinked
tothesamerRNAoperonintheircurrentchromosome),then
usingascendingaminoacididentitythresholdsfortherecon-
structionofproteinfamilieswouldresultinastrictlyhierarchi-
cal genome (taxon) clustering of increasingly narrow taxon
sample. Thus, low identity thresholds are expected to yield
kingdom-orphylum-speciﬁcfamilies,forexample,whereasin-
creasing identity thresholds will yield protein families that
are speciﬁc to lower taxonomic ranks, such as class, order,
genus,andﬁnallyspecies-speciﬁcproteinfamilies,etc.Excep-
tions to this rule (i.e., anomalously high sequence similarity)
can indicate the workings LGT in the data.
To study gene distribution patterns over ascending pro-
tein similarities in proteobacteria, we repeated the cluster-
ing into protein families using ascending thresholds for the
sequence similarity between reciprocal BBHs. Increased
protein sequence identity thresholds resulted in larger
numbers of protein families, each spanning fewer genomes.
The number of protein families at T30 is 74,667 with 41,255
(55%)smallproteinfamiliesspanning4genomes.Nouni-
versal families are recovered using T70, which results in
139,564 protein families and a larger number of smaller
families96,717(69%)spanning4genomes.Thefrequency
of universal protein families decreases with protein se-
quence identity threshold, leaving a single family at T55
(ATP-dependent Clp protease) and no universal families
found above that threshold (table 1 and supplementary
table S1, Supplementary Material online).
To summarize shared gene distribution patterns among
proteobacteria in various protein sequence identity thresh-
olds (Ti), we reconstructed an NSP for 30–70% protein se-
quence identity thresholds. The network includes 329
vertices (genomes) and a maximum of 53,956 edges (num-
berofsharedproteinfamilies).Edgeweightsinthisnetwork
are calculated as the number of shared protein families
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protein sequence identity thresholds results in gradual de-
crease in common families among distantly related species
and leads to a different network for each threshold. Using
T30–T65,theNSPamongproteobacteriaisacliquewhereall
genomesare connected witheachother. Increasing protein
sequence identity thresholds of T70 eliminates 87 edges
from the NSP (table 1). A comparison of NSP at T65 and
T70 shows that edges connected at one end at least to spe-
cies having small genome size (below 1,500 genes) are the
ﬁrst to be disconnected from the network. Such species
include the Rickettsiales (alphaproteobacteria), Zymomo-
nas mobilis ZM4 (alphaproteobacteria), and Helicobacter
pylori HPAG1 (epsilonproteobacteria; supplementary table
S2, Supplementary Material online).
Although the connectivity distribution in the NSP is al-
most identical over different protein sequence identity
thresholds, edge weights among the connected species
changes considerably (ﬁg. 1). The NSP at T30 reveals a clear
taxonomic structure within gene distribution patterns
across proteobacterial species. Closely related species
within the same taxonomic class are connected by edges
Table 1. Number of Protein Families in the Various Thresholds and Characteristics of the Result Shared Protein Network.
Protein
Similarity
Threshhold
No. of
Families Singletons
No. of
Proteins
No. of
Families £4
Species
No. of
Universal
Families
No. of
Edges
Mean Edge
Weight
Median Edge
Weight
No. of
Modules
T30 74,667 140,333 (12%) 1,066,939 41,255 (55%) 14 53,956 854 6 527 762 4
T35 83,740 165,256 (14%) 1,042,016 47,670 (57%) 10 53,956 743 6 521 631 3
T40 93,806 194,360 (16%) 1,012,912 54,835 (58%) 6 53,956 624 6 515 497 3
T45 104,420 228,996 (19%) 978,276 62,957 (60%) 4 53,956 505 6 503 362 3
T50 114,155 266,022 (22%) 941,250 70,817 (62%) 2 53,956 400 6 489 251 3
T55 123,386 307,825 (25%) 899,447 79,076 (64%) 1 53,956 304 6 473 158 5
T60 130,651 351,589 (29%) 855,683 86,077 (66%) 0 53,956 225 6 453 92 6
T65 136,199 398,264 (33%) 809,008 92,094 (68%) 0 53,956 164 6 431 42 9
T70 139,564 446,640 (37%) 760,632 96,717 (69%) 0 53,869 118 6 407 17 11
FIG.1 . The NSP families. A matrix representation of the NSPs in T30 (below the diagonal) and T70 (above the diagonal). The species are sorted
by an alphabetical order of the order and genus. The color scale of cell aij in the matrix indicates the number of shared protein families between
genomes i and j. An arrow at the upper diagonal points to genome pairs that are disconnected at T70.
Networks of Gene Sharing · doi:10.1093/molbev/msq297 MBE
1061of higher weights (they share more protein families) in
comparison with species from different classes. Clusters
of highly connected species may be observed among differ-
ent strains of the same genus, such as the Burkholderiales
(betaproteobacteria), Enterobacteriales (gammaproteo-
bacteria), and Pseudomonadales (gammaproteobacteria).
Generaofsmallgenomesizeareconnectedtootherspecies
with edges having lower weights. Such are the Rickettsiales
(alphaproteobacteria) and Campylobacterales (epsilonpro-
teobacteria). The background frequency of shared protein
families at T30 has a median of 427 shared protein families
between any pair of species.
At T70, several highly connected genera clusters within
the NSP are clearly observed (ﬁg. 1), and the median of
shared protein families between any pair of species is 17.
Edges of weight .2,000 are found almost exclusively
amongspeciesfromthesamegenusorclass.However,even
at the high identity threshold of 70%, the NSP is almost
a clique, with 298 (90.6%) of the species still completely
connected within the network. In total, 3,637 protein fam-
ilies are present in species from two classes or more; hence,
they are distributed across wide taxonomic scale. These
protein families are relatively small, 2,331 (64%) of them
are present in 10 species. Such patchy protein families
comprising orthologs from different classes, at the protein
identity threshold where only strains are still highly con-
nected, can be the result of vertical inheritance and wide-
spread differential loss or LGT. If the former, then these are
highly conserved proteinsthat originated inthe proteobac-
terial LUCA and were lost during evolution in most of the
species, except for the ones where they are still present.
This argument is very problematic. First, because there
are no proteobacterial universal proteins at T70 (supple-
mentary table S3, Supplementary Material online) so that
proteins of proteobacterial LUCA origin are more diverged
than T70. Second, protein conservation and the propensity
to be lost are negatively correlated (Krylov et al. 2003)s o
that such an abundant loss during evolution of those pro-
tein families would be highly improbable. Hence, orthologs
in the highly patchy protein families are candidates for LGT
among proteobacterial species.
To test the characteristics of these LGT-candidate pro-
tein families, we investigated the functional annotation of
extra patchy protein families that are present in 10
genomes from two proteobacterial classes or more at
T70 (2,430 families). Many of these proteins (729; 31%)
are annotated as hypothetical proteins, mostly common
to betaproteobacteria and gammaproteobacteria (214).
Only one hypothetical protein is common to genomes
from four different classes, found in Acidovorax JS42
(betaproteobacteria), Aeromonas hydrophila ATCC 7966
(gammaproteobacteria), Aeromonas salmonicida A449
(gammaproteobacteria), Bdellovibrio bacteriovorus (deltap-
roteobacteria), Herminiimonas arsenicoxydans (betapro-
teobacteria), Mesorhizobium loti (alphaproteobacteria),
and Sorangium cellulosum str. So ce 56 (deltaproteobacte-
ria). A Blast search in NCBI showed that this protein is an-
notated in other bacterial genomes as glyoxalase protein
family. Proteins of this family are important for the detox-
iﬁcation of methylglyoxal (Sukdeo and Honek 2008).
Most of the annotated proteins are involved in meta-
bolic and cellular processes, whereas the minority are in-
formationalgenes.Weﬁndthat101(4%)oftheseproteins
are plasmid-related proteins, such as IS-elements transpo-
sase, integrases, and stabilization proteins. In contrast, we
ﬁnd that 44 (2%) protein families are phage-related
proteins, such as phage tail proteins, prophage CP4-57
regulatory protein, and phage integrase. These frequen-
cies may be used for inference about relative contribution
of LGT by plasmids (conjugation) versus transduction in
the present genome sample. These two modes of LGT are
very different from each other in the distance that is re-
quired between donor and recipient. Conjugation may be
viewed as a personal delivery, whereas transduction is
more like long distance mail. The 2-fold higher frequency
of plasmid-related genes in comparison with phage re-
lated in the very patchy gene distribution patterns sug-
gests that much of the LGT in proteobacteria in this
sample is mediated by conjugation, where donor and re-
cipient cells are in close proximity (Halary et al. 2010).
The set of highly similar patchy protein families includes
threeribosomalproteinsandonetRNAsynthetase.TheT70
protein family of 50S ribosomal protein L31 groups six be-
taproteobacteria with Methylococcus capsulatus str. Bath,
a gammaproteobacterium. A phylogenetic tree of this
protein including all species clustered at T60 reveals that
the same seven species are grouped together in a clade,
indicating that M. capsulatus str. Bath, has acquired its
ribosomal protein L31 from a betaproteobacterium (sup-
plementary fig. S1, Supplementary Material online). The
T70 cluster of asparaginyl-tRNA synthetase groups nine
gammaproteobacteria with Myxococcus xanthus str.
DK1622, a deltaproteobacterium. A phylogenetic tree of
this protein as T55 results in a clade of the same nine spe-
cies, indicating that M. xanthus str. DK1622 acquired
its asparaginyl-tRNA synthetase from a gammaproteobac-
terium (supplementary fig. S2, Supplementary Material
online). Both 50S ribosomal protein L31 and asparaginyl-
tRNA synthetase are single-copy genes. Single-copy genes
have been recently found to be more resistant to transfer
into E. coli than multicopy genes (Sorek et al. 2007). But
these two examples show that single-copy informational
genes can be replaced via LGT, consistent with other re-
ports in the literature (Chan et al. 2009).
Modules within the NSP
Using a modularity function that classiﬁes the genomes in-
to modules, we identiﬁed connectivity patterns across the
NSP. These modules are groups of genomes more densely
connected among themselves than with genomes outside
the group (Newman 2006; Dagan et al. 2008). Across dif-
ferent identity thresholds (T30–T70), the modularity func-
tion applied to the NSP reveals a structure of genetic
connectivity (shared genes) that does not strictly overlap
with the proteobacteria classes as deﬁned by traditional
means, that is, their rRNA sequence (ﬁg. 2). At T30, the
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1062NSP comprises four modules. The ﬁrst module (purple) in-
cludes the majority ofalphaproteobacteria and two deltap-
roteobacteria (M. xanthus str. DK1622, S. cellulosum str. So
ce 56). The second module (green) includes alphaproteo-
bacterial endosymbionts (Anaplasma, Ehrlichia, Rickettsia,
and Wolbachia), the majority of deltaproteobacteria, all
epsilonproteobacteria, two betaproteobacterial human
pathogens (Neisseria meningitides and N. gonorrhoeae),
and several gammaproteobacterial endosymbionts (Coxiella,
Legionella, Francisella,and Xylella). Thethirdmodule(blue)
includes the majority of betaproteobacteria and few soil
bacteria from the gammaproteobacteria, including Pseudo-
monasandXanthomonas.Thelastmodule(cyan)isspeciﬁc
to gammaproteobacteria.
Reconstruction of modules from the NSP at T35–T50 re-
sults in only three modules. One module includes all
alphaproteobacteria, epsilonproteobacteria, and deltapro-
teobacteria together with seven strains of Francisella
tularensis and one F. philomiragia (gammaproteobacteria).
Another module includes all betaproteobacteria together
with many soil gammaproteobacteria, including Acineto-
bacter baumannii, seven Pseudomonas species, three
species of Psychrobacter, and four species of Xanthomonas.
The third module is unique to gammaproteobacteria. At
T55–T60, thebetaproteobacteria andgammaproteobacteria
fall into three class-speciﬁc modules, epsilonproteobacteria
and deltaproteobacteria are joined with Francisella (gam-
maproteobacteria), and all alphaproteobacteria are joined
with S. cellulosum str. So ce 56 (deltaproteobacteria). At
T65–T70,thealphaproteobacterialendosymbiontsfallapart,
with several modules that are common to alphaproteobac-
teria, deltaproteobacteria, and epsilonproteobacteria. The
betaproteobacteria appear as a unique module, whereas
gammaproteobacteria disarticulate into seven modules
(supplementary table S4, Supplementary Material online).
A hefty debate is currently ablaze about the utility and
meaning of the ‘‘tree of life’’ (see Doolittle and Bapteste
2007 vs. Galtier and Daubin 2008 cf. Bapteste et al.
2009),particularlyinthecontextoftheoverallevolutionary
history of prokaryotes. One could argue that the debate
boils down to the difference between attempts to recon-
struct the whole of the evolutionary process and attempts
at organismal classiﬁcation (Doolittle 1999). Proponents of
the tree of life are arguing that one or a few genes serve as
a useful and valid proxy for the evolution of the whole
chromosome (Ciccarelli et al. 2006; Galtier and Daubin
2008).Dissidents arearguingthatsince onlyabout30genes
are demonstrably present across many genomes (but very
often sharing less than 20% amino acid identity in most
comparisons) the ‘‘tree of life’’ constructed by such means
speaks for only about 1% of the data in genomes (Dagan
and Martin 2006), which typically harbor about 3,000
genes. The modules of the present study point to issues
concerning the concept of phylogeny within proteobacte-
ria. Phylogeny usually refersto a hierarchical branching pat-
tern, as in a phylogenetic tree. If we look at the modules
FIG.2 . Modules in the NSP in the different protein sequence identity thresholds. Modules are shown as colored boxes within columns for
thresholds from T30 to T70. Proteobacterial orders are indicated in rows for comparison. An expanded table of the panel containing all species
names is given in supplementary table S4 (Supplementary Material online).
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the classiﬁcation of proteobacteria into alpha, beta,
gamma, delta, and epsilon groups is not recovered for
any threshold. Indeed, the only of the ﬁve classes that is
recoveredasadistinctmoduleatanyoftheninethresholds
is the betaproteobacteria class at thresholds T55, T65, and
T70 (ﬁg. 2).
The modules of shared genes detected here do not re-
ﬂect a hierarchical ‘‘phylogeny’’ of the proteobacterial clas-
ses as suggested by ‘‘tree of life’’ schemes based on a few
concatenated genes. For example, Ciccarelli et al. (2006) re-
ported a branching order of (((((c,b),a),e),d),outgroup) for
the proteobacterial classes. No such phylogenetic hierarchy
is suggested by the modules of shared genes (ﬁg. 2). This
reinforcesanearliercriticismthatthephylogenyofasample
representing 1% of the genome is a poor proxy for what is
tobefoundintherestofthegenome.Wedoobserve,how-
ever, a module at T35–T50 grouping the (a,e,d) classes to-
gether with some c-representatives, most notably the
Thiotrichales, represented here by the deep-sea vent che-
moautotroph Thiomicrospira (Scott et al. 2006) and strains
of the intracellular pathogen F. tularensis (Oyston 2008)
plus Magnetococcus. Modules within the gammaproteo-
bacteria correspond to some extent to family-level classi-
ﬁcations of this class, which are also poorly resolved with
concatenated sequences (Gao et al. 2009).
Species included in the NSP modules at all protein se-
quence identity thresholds differ signiﬁcantly in their ge-
nome size (P , 0.05 using the Kruskal–Wallis test; Zar
1999), hence genome size is not the prime determinant
of module structure. Nonetheless, endosymbionts that are
all characterized by very small genomes are grouped into
common modules across taxonomic class boundaries, but
thisisbecause theytendto relinquish the same setsofgenes
(Pal et al. 2006; Moran 2007) not because the genomes are
small per se. Moreover, betaproteobacteria and gammapro-
teobacteriawhosehabitatismainlywithinthesoilareclearly
grouped together in varying protein sequence identity
thresholds (ﬁgs. 1 and 2). This ﬁnding is in line with the ob-
servation that cooccurring microbes have similar genomes
regardless (sometimes) of their phylogenetic relatedness
(Chaffron et al. 2010) and the view that transfer might be
more frequent between genomes of prokaryotes sharing
similar habitats (Jain et al. 2003). Overall, community struc-
ture within the NSP appears to have a phylogenetic back-
bone but is also inﬂuenced by bacterial lifestyle and habitat.
Minimal Lateral Networks
GenesharingpatternsfoundhereindicatethatLGTiscom-
mon among proteobacteria. But how frequent is frequent?
To quantify the lower bound frequency of LGT at three
phylogenetic depths within proteobacteria—phylum, class,
and species—we constructed MLNs (Dagan et al. 2008). In
that approach, LGT frequency is inferred against the crite-
rion of ancestral genome size. An evolutionary model that
entails no LGT during evolution results in untenably large
ancestral genomes (Doolittle et al. 2003). Yet, if genome
evolution in the past was not fundamentally different from
todays, then ancestral genomes should have similar sizes to
those of contemporary genomes. The approach is thus
based on applying evolutionary models that allow increas-
ing frequencies of LGT, until the distributions of ancestral
and contemporary genome sizes are statistically reconciled
(Dagan and Martin 2007). Phylogenetic inference by the
MLN approach yields estimated ancestral genome sizes
together with an inference of laterally shared gene families
among species or groups of species, the gene distributions
ofwhicharebetterexplainedbyLGTthanthephylogenetic
tree. These two outcomes can be graphically represented
by a network in which the vertices are the nodes of the
reference tree, and the edges are either vertical tree
branches or inferred lateral gene sharing edges (Dagan
et al. 2008).
Our results suggest that LGT is more frequent at the
phylum level than in the class or species level. For the data
of all proteobacteria species, a model that allows up to
seven LGTs per protein family (LGT7) was accepted (P
5 0.44, using Wilcoxon test (Zar 1999; ﬁg. 3). Although
seven LGTs per family are allowed in this model, only a mi-
nority of the gene occurrence patterns require that
amount. In most (28%) of the protein families whose evo-
lution includes LGT, it occurred only once, whereas protein
families whose evolution includes seven LGTs are very rare
(0.78%; table 2A). The weighted mean LGT frequency
within proteobacteria phylum is thus 1.9 LGTs per protein
family.
Within the classes of proteobacteria, the LGT3 model
was accepted for the alphaproteobacteria and gammapro-
teobacteria, with a weighted LGT frequency of 1.3 per pro-
teinfamilyinbothgroups.ThefrequencyofLGTeventsper
protein family follows a similar distribution in alphaproteo-
bacteria and gammaproteobacteria as well (table 2A).
Within the betaproteobacteria, the LGT1 model was ac-
cepted, with a weighted mean LGT frequency of 0.8 per
proteinfamily(table2A).Noneofthemodelswasaccepted
for the deltaproteobacteria and epsilonproteobacteria.
However, in both groups, resulting ancestral genome sizes
from the origin-only model are signiﬁcantly larger than
contemporary genome sizes (P , 0.01, using Kolmogor-
ov–Smirnov test [Zar 1999]; supplementary fig. S3, Supple-
mentary Material online). Moreover, ancestral genome
sizesresultingfromtheLGT1modelaresigniﬁcantlysmaller
than contemporary genome sizes (P , 0.01 using Kolmo-
gorov–Smirnov test; supplementary fig. S3, Supplementary
Material online). This suggests that deltaproteobacteria
and epsilonproteobacterial gene distribution patterns, in
combination with the rRNA reference tree topology, re-
quire an evolutionary model that is somewhere between
origin-only and LGT1 models, allowing probably a single
LGT event to only part of the protein families. However,
our current MLN reconstruction approach applies uniform
model choice to all protein families. A more complicated
approach in which each protein family is ﬁtted its own
model would require an a priori assumption of gene origin
to loss ratios (e.g., Kunin et al. 2005), these are regarded in
the MLN approach (Dagan and Martin 2007) as a variable
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parameter.
FortheLGTfrequencyestimationatthespecieslevel,we
selected three gammaproteobacterial species whose ge-
nome sample of sequenced strains is large enough to con-
duct our analysis. These include E. coli (12 genomes),
F. tularensis (7 genomes), and Yersinia pestis (7 genomes).
For these three data sets, the LGT1 model was accepted
(P 5 0.48, 0.47, and 0.49 respectively, using Wilcoxon test;
supplementaryfig.S3,SupplementaryMaterialonline)with
a weighted mean LGT frequency of 0.7 LGTs per protein
family in E. coli, 0.3 LGTs per protein family in F. tularensis,
and 0.9 LGTs per protein family in Y. pestis. LGT at the spe-
cies level is recombination. Hence, the LGT rates calculated
here for the species data sets may be regarded a lower
boundestimateforrecombinationrates.Becauseinourap-
proach we analyze the presence/absence patterns of genes
and not their sequences, our inference yields an estimate
for the gene spread by recombination but largely underes-
timates overall recombination rates.
LGT Inference against a Gene Content Reference
Tree
LGT frequencies inferred using the MLN approach are ro-
bust to different reference phylogenetic trees recon-
structed from various protein families, yet they may be
affected by the patchiness of the gene distribution patterns
across the reference tree (Dagan and Martin 2007). This is
because when the LGT allowance in the MLN approach is
increasedfromnonetotwoandthenmoregeneorigins(by
gene birth or LGT), these are distributed in pairs to de-
scendants of an ancestor for which a gene origin was
reconstructed using the previous model. Moreover, by
using a species tree reconstructed from the rRNA sequen-
ces, we assume that the phylogeny of a single operon truly
represents the evolutionary history of proteobacteria. This
assumption may be problematic for the evolution of pro-
karyotes that is reticulated by nature (Bapteste et al. 2009).
Here, we test the robustness of the MLN approach to the
patchinessofgenedistributionpatterns andtherRNAphy-
logenetic treebyusingagenecontenttree(Sneletal.1999)
as the reference tree. Such a reference tree is expected
to minimize the patchy gene distribution patterns and
thereby provide more conservative estimates of LGT
among proteobacteria.
Gene content trees were reconstructed from the com-
plete presence/absence data at T30 using Wagner parsi-
mony approach (Felsenstein 1983). The gene content
tree including all proteobacteria was rooted on the branch
separating (a,d,e) from (b,c). The resulting tree supports
the monophyly of alphaproteobacteria, deltaproteobacte-
ria, and epsilonproteobacteria (but not the position of
the root, obviously). The betaproteobacteria branch
with gammaproteobacteria in two groups, one includes
N. meningitides (betaproteobacteria) and Polynucleobacter
(gammaproteobacteria), whereas the other includes the
rest of the species divided into two class-speciﬁc clades
FIG.3 . Distribution of contemporary and ancestral genome sizes in
phylum depth under the different LGT allowance models (left) and
schematic representation of the evolutionary scenario implicated by
the models (right). The models (A) loss only, (B), single origin, (C)
LGT1, and (D) LGT3 result in signiﬁcantly larger ancestral genome
sizes in comparison to contemporary genome sizes (a 5 0.05, using
Kolmogorov–Smirnov test). The LGT7 model (E) results in similar
distributions of ancestral and contemporary genome size (P 5 0.44,
using Wilcoxon test). The LGT15 model (F) results in signiﬁcantly
smaller ancestral genome sizes in comparison to contemporary
genome sizes (a 5 0.05, using Kolmogorov–Smirnov test).
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Data
Set
No.
of
Species
No.
of
Families
LGT
Model
P
Value
Mean
LGT
Frequency
1
Origin
2
Origin
3
Origin
4
Origin
5
Origin
6
Origin
7
Origin
8
Origin
A
Proteobacteria 329 74,667 LGT1 0.44 1.9 18,763 (25%) 21,366 (29%) 9,048 (13%) 11,760 (16%) 6,535 (9%) 3,520 (5%) 2,707 (4%) 582 (1%)
Alphaproteobacteria 82 27,810 LGT1 0.25 0.6 6,018 (25%) 17,760 (75%)
LGT3 0.43* 1.1 6,018 (25%) 6,792 (29%) 8,329 (35%) 2,639 (11%)
Betaproteobacteria 52 25,199 LGT1 0.26* 0.7 3,830 (19%) 16,492 (81%)
LGT3 0.14 1.1 3,830 (19%) 5,816 (29%) 9,014 (44%) 1,662 (8%)
Gammaproteobacteria 157 40,327 LGT3 0.46 1.2 9,179 (25%) 10,253 (28%) 13,089 (36%) 3,669 (10%)
Escherichia coli 12 7,879 LGT1 0.48 0.7 653 (10%) 5,589 (90%)
Francisella tularensis 7 1,840 Origin 0.11
LGT1 0.47* 0.3 1,255 (73%) 462 (27%)
Yersinia pestis 7 4,439 LGT1 0.59 0.9 122 (3%) 4,080 (97%)
B
Proteobacteria 329 74,667 LGT1 0.98 1.7 21,782 (29%) 20,824 (28%) 9,030 (12%) 10,393 (14%) 6,318 (8%) 3,454 (5%) 2,368 (3%) 472 (1%)
Alphaproteobacteria 82 27,810 LGT1 0.37* 0.6 6,397 (27%) 17,381 (73%)
LGT3 0.32 1.1 6,397 (27%) 6,743 (28%) 8,390 (35%) 2.248 (9%)
Betaproteobacteria 52 25,199 LGT1 0.1 0.6 4,707 (23%) 15,615 (77%)
LGT3 0.14* 11 4,707 (23%) 6,116 (30%) 7,117 (35%) 2,382 (12%)
Gammaproteobacteria 157 40,327 LGT3 0.47* 1.5 10,751 (30%) 9,627 (27%) 4,241 (12%) 6,532 (18%) 3,093 (9%) 1,436 (4%) 482 (1%) 28 (0%)
E. coli 12 7,879 LGT1 0.19 0.3 3,714 (60%) 2,453 (40%)
F. tularensis 7 1,840 Origin 0.23
LGT1 0.73* 0.2 1,311 (76%) 406 (24%)
LGT3 0.14 0.3 1,238 (72%) 479 (28%)
Y. pestis 7 4,439 Origin 0.1
LGT1 0.95* 0.2 3,400 (81%) 802 (19%)
LGT3 0.07 0 3 3,400 (81%) 280 (7%) 522 (12%)
LGT1 0.05 0.3 3,400 (81%) 280 (7%) 314 (7%) 208 (5%)
* For data sets where more than one model was statistically accepted, the most probable model is marked by an asterisks.
K
l
o
e
s
g
e
s
e
t
a
l
.
·
d
o
i
:
1
0
.
1
0
9
3
/
m
o
l
b
e
v
/
m
s
q
2
9
7
M
B
E
1
0
6
6(supplementary fig. S4, Supplementary Material online).
Reconstruction of the MLN for all proteobacteria using
the gene content tree as the reference tree yielded the
LGT7 model as the best ﬁt between ancestral and contem-
porary genome sizes, whereas all other LGT allowance
models were rejected (supplementary figs. S5 and S6, Sup-
plementary Material online). Although it is the same LGT
allowance model that was inferred using the rRNA refer-
ence tree, the mean LGT rate is lower—‘‘but only slightly
so’’—usingthegenecontentreferencetree,withaweighted
mean of 1.7 LGTs per protein family, in comparison to 1.9
with the rRNA tree. This somewhat lower rate is the result
of reduced patchiness in gene distribution patterns using
the gene content tree, leading to 29% monophyletic fam-
ilies (in comparison to 25% using the rRNA tree) whose
distribution on the tree requires no LGT (table 2B). The
small increment of average LGT rate from 1.9 to 1.7 using
the gene content tree, where the patchiness criterion is
used to cluster the genomes, simply reﬂects the patchiness
ofthedataintotal.In otherwords,thepresentdatarequire
a substantial amount of LGT to account for the observed
gene distributions, any way one cuts the cake.
We repeated the same inference procedure for the
class- and species-level data sets. At the class level, the
best-ﬁtting model using the gene content tree resulted
in an inference of a lower LGT allowance for alphaproteo-
bacteria (LGT1) and higher LGT allowance in betaproteo-
bacteria (LGT3) and gammaproteobacteria (LGT7). As
with the rRNA reference tree, no model was accepted
for the deltaproteobacteria and epsilonproteobacteria,
where the distribution of ancestral genome sizes shows
that an allowance model between origin only and
LGT1, had it existed in our approach, might be the most
ﬁtting for these classes (supplementary fig. S5, Supple-
mentary Material online). In the three species-level data
sets (E. coli, F. tularensis,a n dY. pestis) ,t h es a m eL G Ta l -
lowance model was accepted using the gene content ref-
erence tree, with slightly lower LGT rates (table 2B).
Hence, our attempt to minimize LGT rate inference by
reducing the patchiness of gene distribution patterns
across the reference tree using the gene content tree re-
sulted in more monophyletic protein families, yet the in-
ferred LGT allowance models and average LGT rate were
hardly changed and sometimes were even increased.
FIG.4 . A minimal LGT network for 329 proteobacteria. (A) The reference tree used to ascribe vertical inheritance for inference of the MLN. (B)
The MLN showing all 51,762 edges of weight 1 gene in the MLN. Vertical edges are indicated in gray, with both the width and the shading of
the edge shown proportional to the number of inferred vertically inherited genes along the edge (see scale on the left). The lateral network is
indicated by edges that do not map onto the vertical component, with number of genes per edge indicated in color (see scale on the right). (C)
The MLN showing only the 13,632 edges of weight 5 genes. (D) The network showing only the 3,007 edges of weight 20 genes.
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The MLN reconstructed for all proteobacteria using T30
protein families, with the RNA reference tree, and the
LGT7 model contains in total 657 nodes, with 329 external
nodes (—operational taxonomic units [OTUs]) and 328 in-
ternal nodes (hypothetical taxonomic units [HTUs]), con-
nected by 51,762 lateral edges (ﬁg. 4). For protein families
that have undergone more than one LGT, the number of
lateral edges in the MLN exceeds the minimum number of
LGTs required to account for the gene distribution. Hence,
to address LGT network properties for the MLN, 1,000
rMLN were generated in which the number of lateral edges
and the minimum number of LGTs for genes transferred
more than once correspond exactly. Lateral edge frequency
and edge weight distribution are similar among the rMLN
networks. The number of lateral edges in the rMLNs is
3,345 ± 73 (coefﬁcient of variation 5 2%) on average.
The connectivity (number of lateral edges per node) ranges
between 0 and (344–384) with a mean between 100 and
102 and median between 85 and 91 (table 3). The connec-
tivity distribution is semi-exponential with very few nodes
thatarehighlyconnected(ﬁg.5A).Biggergenomesaregen-
erally more highly connected than smaller genomes, yet
genome size explains only 16% of the variation in connec-
tivity (P , 0.01, using Spearman correlation; Zar 1999).
TheMLNreconstructedattheproteobacterialclasslevel
shows the distribution of laterally shared genes in higher
resolution. Network properties for the alphaproteobacteria
and gammaproteobacteria were calculated from 1,000
rMLN networks, the statistics of which show uniformity
of lateral edge frequency and edge weight distribution (ta-
ble3). Datafor thebetaproteobacteria were extractedfrom
the MLN directly because the best-ﬁtting model was LGT1,
which results in an MLN where the number of edges cor-
responds the minimum number of LGT events per protein
family.
The connectivity distribution in the alphaproteobacte-
rial MLN is bimodal, suggesting two groups of species that
are either weakly or strongly connected within the lateral
network (ﬁg. 5B). The graphical representation of the
MLN for that class reveals that the Rickettsiales comprise
the weakly connected group (ﬁg. 6A). In our data set, the
order Rickettsiales includes 21 endosymbiotic parasites
from the genera Anaplasma, Ehrlichia,a n dRickettsia.
The host-associated lifestyle of these species is a barrier
to LGT in many cases and probably the reason for their
low connectivity in the MLN. The connectivity distribu-
tion in the betaproteobacterial MLN is almost uniform
(ﬁg. 5C) with similar frequencies of nodes across the con-
nectivity range (0–50 edges per node) and ﬁve more no-
des whose connectivity is above this range. Clades of
symbionts within the betaproteobacterial MLN, the Neis-
seriales and Nitrodomonadales, are weakly connected
(ﬁg.6B).TheBurkholderialesinoursampleinclude31spe-
cies of diverse lifestyles that account for the majority
(60%) of betaproteobacterial species in the data. The
overallgenedistributionpatternsarequiteuniformacross
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1068that order (ﬁg. 1), yet the parasites among them (Ralsto-
nia species) having lower connectivity than the free-living
species (Burkholderia species; ﬁg. 6B).
The connectivity distribution in the gammaproteobac-
terial MLN is semi-exponential (ﬁg. 5D). The graphical rep-
resentation of the gammaproteobacterial MLN shows that
symbionts, such as Pasteurellales, are weakly connected
within the lateral network. The Enterobacteriales, compris-
ing about third of the gammaproteobacteria in our sam-
ple (51 species) include four main genera, Escherichia,
Shigella, Salmonella, and Yersinia. The MLN contains
1,326 (16%) lateral edges connecting among the nodes
(internal and external) in this clade, suggesting abundant
LGT among species in this group, with the exception
of Yersinia, that like other pathogenic and symbiotic
strains in our data set are relatively disconnected from
the network (ﬁg. 6C).
The distribution of lateral edge weight in the proteobac-
terial MLN is linear in log–log scale (ﬁg. 5E), with a majority
of single gene edges (51 ± 0.2%) and a minority of heavy
edges weighing 20 genes or more (3 ± 0.03%). Similar edge
weight distributions are observed within the alphaproteo-
bacteria, betaproteobacteria, and gammaproteobacteria
MLNs (table 3 and ﬁg. 5F–H). This means that most of
the LGT events among proteobacteria entail single genes
rather than bulk transfers.
The MLN reconstruction for all species-level data sets,
using both reference trees, prefers the LGT1 model with
an average LGT frequency of about one LGT per protein
family (table 2). The MLN reconstruction for the species
level typically results in a heavy lateral edge that is found
close to the root, between the ﬁrst two nodes that diverge
fromit(supplementaryfig.S7A–C,SupplementaryMaterial
online). Such a lateral edge means that many gene families
FIG.5 . Properties of the minimal LGT networks in phylum and class scales. Properties are shown for a randomly selected replicate. The
coefﬁcient of variation for the whole data was ;2% (table 3). (A–D) Distribution of connectivity, the number of one-edge-distanced neighbors
for each vertex, in the MLN. (E–H) Probability density function (PDF) of edge weight in the lateral component of the MLN.
FIG.6 . A minimal LGT network for proteobacterial classes alpha (A), beta (B), and gamma (C). Vertical edges are indicated in gray, with both
the width and the shading of the edge shown proportional to the number of inferred vertically inherited genes along the edge (see scale bar).
The lateral network is indicated by edges that do not map onto the vertical component, with number of genes per edge indicated in color (see
scale bar). The MLN showing only edges of weight 5 genes.
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1069of patchy distribution are shared between the two imme-
diate descendants of the root node, the distribution of
which cannot be explained by vertical inheritance alone.
Reducing the patchiness of the gene distribution patterns
by using a gene content reference tree resulted in similar
MLNs (supplementary fig. S7D–F, Supplementary Material
online). In species-level MLNs, the majority of nodes are
connected by a lateral edge, exept two to four nodes
Table 4. Frequency and Weight of Lateral Edges in Intraclass and Interclass Subsets.
Alphaproteobacteria Deltaproteobacteria Epsilonproteobacteria Betaproteobacteria Gammaproteobacteria
Alphaproteobacteria 12.9 6 0.07 (3–3)
Deltaproteobacteria 14 6 1.5 (2–2) 29 6 0.3 (7–9)
Epsilonproteobacteria 3.8 6 0.1 (1–1) 19 6 0.3 (2–2) 20.2 6 0.03 (3–5)
Betaproteobacteria 11 6 0.08 (1–2) 13.8 6 0.1 (1–2) 3.68 6 0.1 (1–1) 15.8 6 0.1 (2–3)
Gammaproteobacteria 5.1 6 0.04 (1–1) 8.1 6 0.09 (1–1) 3.5 6 0.06 (1–1) 7.1 6 0.05 (1–1) 7.4 6 0.04 (1–2)
Numbers in parenthesis denote edge weight range.
Edge probability is calculated as the frequency of edges divided by the number of nodes in the group.
FIG.7 . A three-dimensional projection of the MLN. Edges in the vertical component are shown in the same gray scale as in ﬁgure 3. Vertices
inferred as gene origin in the same protein family are connected by a lateral edge signifying a laterally shared gene. Lateral edges are classiﬁed
into three groups according to the types of vertices they connect within the vertical component (see table 3 for details): 11,941 OTU–OTU
edges (magenta), 15,425 HTU–OTU edges (yellow), and 6,066 HTU–HTU edges (cyan).
Kloesges et al. · doi:10.1093/molbev/msq297 MBE
1070(Supplementary fig. S8, Supplementary Material online).
The distribution of edge weights is semi-linear in a log–
log scale, hence most of the LGT events are of single genes,
whereas individual transfer events involving many genes
are rare.
The distribution of lateral edges within the proteobac-
teria rMLN shows that the probability for an intraclass lat-
eral edge (9.4 ± 0.03) is similar to the probability for an
interclass lateral edge (6.9 ± 0.02). However, the median
edgeweightofintraclassedges,whichistwogenesperedge
in all rMLNs, is signiﬁcantly larger (P , 0.05) than that of
interclass edges, a single gene per edge in all rMLNs. This
means that the probability for an LGT event within and
outside the class is similar, yet more genes are transferred
per LGT event between species from the same class. The
probability for a lateral edge between the different classes
reveals that LGT between alphaproteobacteria, deltapro-
teobacteria, and betaproteobacteria is similar, but LGT be-
tween epsilonproteobacteria or gammaproteobacteria and
other classes is lower (table 4).
Proportion of Recent Gene Acquisition and
Cumulative Impact of LGT
MostoftheedgesintheproteobacterialMLN(46±0.2%of
edges intherMLN)connect between OTUnodes (contem-
porary genomes) and HTU nodes (ancestral genomes).
Such edges are inferred for protein families that are shared
among a group of species where all except one are grouped
into one monophyletic clade. The reconstructed lateral
edge connects the common ancestor of that clade and
the OTU of the outsider species. Lateral edges connecting
two OTU nodes are slightly less frequent (35 ± 0.1%),
whereas edgesconnecting twoHTU nodesaretheminority
(18 ± 0.1%; ﬁg. 7). Similar ratios of lateral edge types were
inferred for the classes and species data sets (table 3).
Lateral edges connecting between two OTUs reﬂect re-
cent LGT events. The proportion of protein families con-
nected by an OTU–OTU edge per genome may serve as
a lower bound estimate for the proportion of recently ac-
quiredgeneswithinthegenome.Theaverageproportionof
recent acquisitions per genome inferred from the MLN in
phylumdepthwiththerRNAreferencetreeis9.6%recently
acquired genes per genome. Moreover, the frequency of
recently acquired genes positively correlated with genome
size (rs 5 0.6, P , 0.01). Similar mean proportions of re-
cently acquired genes are estimated for the three classes
(7–9%; table 5). The estimated proportions in the species
levelareabout4%recentacquisitions(table5).Totesthow
ourestimatesareaffectedbythesampleofspeciesincluded
in the MLN, we compared them for the same group of spe-
cies, from the MLNs reconstructed in class and phylum
phylogenetic depth. We ﬁnd that larger sample size results
in slightly higher proportions of recently acquired genes
(0.1–4.2% difference; table 5). Hence, the phylogenetic
depth (i.e., sample size) has little inﬂuence on the inferred
proportions of recently acquired genes using the MLN
approach.
The MLN, comprising of both phylogenetic tree for the
vertically inherited genes and lateral network for the later-
ally transferred genes, enables us to estimate the cumula-
tive impact of LGT during microbial evolution. The
proportion of protein families within each genome that
is connected by a lateral edge reﬂects the proportion of
genes within the genome that was affected by LGT during
their history. Within the phylum depth using the rRNA ref-
erence tree, we ﬁnd that, on average, 73% of the genes per
genome are affected by LGT at some point during evolu-
tion. A similar proportion is observed with the class depth
for gammaproteobacteria, whereas in alphaproteobacteria
and betaproteobacteria, we ﬁnd lower cumulative impact
of LGT (60%; table 5). The same inference in species depth
yields signiﬁcantly lower proportions (17–26%; table 5). To
test if the cumulative impact of LGT in species depth is
indeed lower or rather an outcome of smaller sample size,
we compared the inference for the same species using the
phylum and class depth data sets. We ﬁnd that the pro-
portion of genes affected by LGT during evolution inferred
in species depth is much lower thanthe inference using the
class or phylum data sets.
How Severely Does the MLN Underestimate LGT?
The estimated proportion of recently acquired genes per
genome using the MLN is 9.7% of each genome in the phy-
lum depth on average, that is, lower than the proportion of
recentLGTinferredusingaberrantnucleotidepatternsthat
in earlier studies was between 14% and 18% per genome
(Lawrence and Ochman 1998; Nakamura et al. 2004).
The MLN approach is expected to yield lower bound min-
imum estimates mainly because it relies on gene presence/
absence patterns that are uninformative for evolutionary
Table 5. Recently Acquired Genes and Cumulative Impact of LGT.
Phvloqenetic
depth
% Recent
LGT by MLN
% Recent LGT by
Nucleotide Pattern Ratio of MLN/
Nucleotide
Pattern
% Cumulative
LGT by MLN
Phylum Class Species Phylum Phylum Class Species
Proteobacteria 9.7 6 7.7 21.5 6 8.9 0.5 6 0.6 73.7 6 10.9
Alpha 9.6 6 7.0 9.2 6 8.5 16.6 6 7.9 0.6 6 0.5 69.1 6 9.9 60.9 6 12.3
Beta 11.1 6 5.8 6.9 6 6.0 26.8 6 8.4 0.5 6 0.3 75.2 6 4.7 60.0 6 8.3
Gamma 7.3 6 5.1 7.2 6 6.9 21.4 6 7.8 0.4 6 0.4 78.6 6 9.4 76.6 6 10.2
Escherichia coli 5.0 6 3.8 4.1 6 3.1 3.3 6 2.7 28.5 6 2.1 0.2 6 0.1 85.2 6 3.8 84.6 6 3.8 26.8 6 3.5
Francisella tularensis 5.0 6 5.3 4.1 6 5.2 4.4 6 6.9 17.5 6 0.7 0.3 6 0.3 67.4 6 2.1 65.1 6 2.0 17.0 6 2.0
Yersinia pestis 4.0 6 3.3 3.1 6 2.6 3.9 6 7.3 26.7 6 0.8 0.2 6 0.1 86.0 6 2.0 84.6 6 2.0 17.5 6 3.4
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by LGT (e.g., Andam et al. 2010), and because it conserva-
tivelydoesnotcountallLGTeventsthatmightbedetected
by tree comparisons (Dagan et al. 2008). How severely does
the MLN underestimate LGT? In order to ascertain this, we
comparedtheproportionsofrecentLGTpergenomeusing
the MLN approach with that determined on the basis of
aberrant nucleotide patterns by detecting all genes having
signiﬁcantly different GC content in comparison to their
genome. The GC content method preferentially reveals re-
cently acquired genes that exhibit an atypical codon usage
indicating their foreign origin (Lawrence and Ochman
1998; Nakamura et al. 2004). Across the phylogenetic sam-
ples studied, the frequency of genes detected as recently
acquired using the two methods is positively correlated
(rs 5 0.55, P , 0.01) (table 5). However, the GC method
detects an average of 21% recent acquisitions per genome
in the proteobacterial phylum sample or roughly twice the
value estimated by MLN, whereby the degree to which the
MLN approach underestimates recent LGT increases to
about a factor of six as the sample approaches the species
level (table 5). Both effects—MLN underestimation and its
increase toward the species level—are attributable to the
circumstance that two kinds of genes are excluded from
the MLN approach. First, the GC content approach can
identify acquisitions from any donor genome, whereas
the MLN only identiﬁes LGTs involving genomes within
the sequenced set. Second, the GC content approach iden-
tiﬁes LGT among singletons, whereas the MLN does not.
Both effects become more severe with smaller and more
closely related genome samples. Thus, although the graph-
ical representation of the MLN (ﬁg. 7) might appear quite
complex in terms of lateral edges, it still represents a min-
imum estimate, not an optimal estimate, of gene sharing
among these genomes.
Conclusions
Network analyses of proteobacterial genomes reveal fre-
quent LGT among members of the phylum. The main
trends in proteobacterial gene sharing are observed among
species from different taxa inhabiting the same habitat. To-
getherwiththehighcontentofplasmidproteinsinlaterally
shared protein families, this suggests that most of the LGT
in proteobacteria occurs over short physical distances,
where donor and recipient are proximate. Our analysis
shows that higher LGT rates are inferred within the phylum
level than the species level; yet, LGT is more probable
among similar species from the same class, so that modules
of shared protein families are similar to traditional proteo-
bacterial classiﬁcation schemes but lacking the traditional
hierarchy.
Supplementary Material
SupplementarytablesS1–S5andﬁguresS1–S8areavailable
at Molecular Biology and Evolution online (http://
www.mbe.oxfordjournals.org/).
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